Subscriber churn remains a top challenge for wireless carriers. In this paper, we look at the effect of peer influence on churn and we try to disentangle it from other effects that drive simultaneous churn across friends but that do not relate to peer influence. We analyze a random sample of roughly 10 thousand subscribers from large dataset from a major wireless carrier over a period of 10 months. We apply Generalized Propensity Scores to identify the role of peer influence. We show that the propensity to churn increases when friends do and that it increases more when many strong friends churn. Therefore, our results suggest that churn managers should consider strategies aimed at preventing group churn.
INTRODUCTION
Subscriber churn poses significant challenges for the profitability and the growth of wireless carriers. Furthermore, the perplexing nature of churn makes it very difficult to explain it and address it in an efficient and comprehensive manner. Thus, wireless carriers can hardly provide one single solution to prevent all potential churners from leaving. Therefore, understanding the complexity of churn and disentangling the role of the several factors that can trigger it is fundamental to design sound retention strategies.
Advances in studying the effect of social influence on subscriber churn in wireless networks have received much attention in recent times. For example, [1] tried to learn Permission to make digital or hard copies of part or all of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. Copyrights for third-party components of this work must be honored. For all other uses, contact the Owner/Author. whether the propensity of a subscriber to churn depends on the number of friends that have already churned. This hypothesis is based on premise that a few key individuals may lead to strong "word-of-mouth" effects. So they identified likely churners as the subscribers whose friends have already churned. A subscriber then churns once the accumulated level of influence from friends reaches a certain threshold. However, research that identifies contagious churn separating it from confounding effects such as homophily is still limited. Correlation in the behavior among people who share social ties can be explained by both peer influence and their inherent similarities. Therefore, misattribution of homophily to contagion, or/and vice versa, needs to be carefully addressed from an empirical perspective in order to correctly measure the extent of peer influence.
DATA
We partnered with a major European wireless carrier, hereinafter called EURMO, which gave us access to its Call Detailed Records (CDRs) between August 2008 and May 2009. For each call we know the caller and the callee, the duration and time of the call and the id of the cell tower used to route the call. Subscribers are identified by their anonymized phone number. We assumed that a prepaid subscriber churns if she places no calls for three of consecutive months, thus following the standard practice in the industry. We use a random sample of 10 thousand subscribers. Two subscribers are called friends if they exchange at least one call in the same calendar month. We trim customer service and PBX machines from our random sample, and are left with 8,345 subscribers in our sample.
We observe network dynamics over time and aggregate individual subscriber usage and structural properties at the monthly level. We are particularly interested in the association between number of friends who churn and the propensity to churn. Therefore, we use n-call f rd churn, the friends who churn that exchange at least n calls with the ego in the same calendar month.
EFFECT OF FRIENDS' CHURN
Propensity Score Matching (PSM) is a widely applied method to evaluate the effect of treatments on outcomes of interest with observational studies. Extensions of PSM to cases with continuous treatments [3] have been proposed as Generalized Propensity Score (GPS). GPS provides a dose-response function that measures the relationship between the outcome of interest and the intensity of treatment. In our case, friends' churn (the treatment) is not binary but rather an integer. Egos can be subject to different amounts of treatment as they observe more or fewer friends churn. Different treatment intensities can have different effects on the ego's churn.
Details of the mechanics beyond GPS can be found in [3] . For sake of space, we only note the following modeling options: i) the distribution of friends' churn is far from normal, therefore, we followed a parametric solution, as proposed in [2] , and allow the intensity of treatment to be skewed towards zero, using an exponential functional form whose parameters are estimated by maximum likelihood; ii) we use a polynomial approximation of order two to regress outcomes on treatments and propensity scores, from which we compute the average conditional expectation for the effect of treatment.
Our dataset spans 10 months. However, we need to observe subscribers for 3 months to determine whether they churn. So we are limited to a panel with 7 time periods. We split the period of analysis into two intervals: i) the Treatment Exposure Period (TEP), during which egos observe, and count, their friends who churn, represented by f rd churn; ii) the Post-Treatment Period (PTP), during which we observe whether the ego churns. We choose TEP and PTP to be sufficiently large and balanced. So we include months {1, 2, 3, 4} in the former and months {5, 6, 7} in the latter. Another option is to include months {1, 2, 3} in TEP and months {4, 5, 6, 7} in PTP. Below we show results using the former definitions. Results for the latter are qualitatively similar and are available upon request.
The success of GPS to identify the effect of treatment rests on controlling for the relevant covariates. Given the richness of our dataset, we capture most of what is important to control for to study contagious churn, such as tenure with EURMO, number of calls, percentage of calls to other networks, expenditure and number of friends. We generate results for n-callf rd churn for n = 1, 3, 5. Table 1 shows how the adjustment by conditioning on the propensity score balances these covariates for the case of n = 1. We can see that most covariates are different before adjustment but become statistically similar at the 5% level after adjustment. Balancing for other values of n and for (T EP, P T P ) = ({1, 2, 3}, {4, 5, 6, 7}) yield qualitatively similar results, that is, biases are significantly reduced after adjustment. We use GPS to estimate the conditional mean for the effect of treatment, friends' churn, on the outcome, the ego's churn. We estimate the dose response function and derive the marginal treatment effect relative to having no friends that churn. We report marginal treatment effects up to five friends churning, which covers 99.9% of the observations in our dataset. Figure 1 shows the results obtained for n = 1, 3, 5. We observe that having more friends that churn increases the likelihood of churn for any n used in our analysis. This provides evidence of peer influence in churn in wireless networks. Furthermore, we observe that when considering the churn from 3-call and 5-call friends the marginal effect of treatment, that is the effect of having one more of these friends churn, increases with the number of friends that churn. This provides some evidence that churn from stronger friends might be more important. Finally, we see that the effect of one additional friend churning is at most 10%. Overall, GPS reduces the bias in estimating the effect of peer influence by comparing across similar subscribers. This takes away the effect of all the homophily captured by the covariates that we control for in computing the propensity score. 
